The Australian Community Climate and Earth-System Simulator (ACCESS) is used to test the sensitivity of heavy precipitation to various model configurations: horizontal resolution, domain size, rain rate assimilation, perturbed physics, and initial condition uncertainties, through a series of convection-permitting simulations of three heavy precipitation (greater than 200 mm day −1 ) cases in different synoptic backgrounds. The larger disparity of intensity histograms and rainfall fluctuation caused by different model configurations from their mean and/or control run indicates that heavier precipitation forecasts have larger uncertainty. A crossverification exercise is used to quantify the impacts of different model parameters on heavy precipitation. The dispersion of skill scores with control run used as "truth" shows that the impacts of the model resolution and domain size on the quantitative precipitation forecast are not less than those of perturbed physics and initial field uncertainties in these not intentionally selected heavy precipitation cases. The result indicates that model resolution and domain size should be considered as part of probabilistic precipitation forecasts and ensemble prediction system design besides the model initial field uncertainty.
Introduction
Many studies show the importance of higher resolution in improving the forecast skill. The increased resolution has the benefit of reducing numerical truncation, of explicitly resolving dynamical interactions for wider range of spatial scales, and permits the simulation of fine-scale details and hence of relying less strongly on parameterization of subgrid scale processes. Weisman et al. [1] , Done et al. [2] , Lean et al. [3] , Schwartz et al. [4] , and many others have shown that convection-permitting models yield qualitatively more realistic precipitation fields and are quantitatively more skillful than lower-resolution simulations with parameterized convection. The results from short-range weather forecasting [5] [6] [7] also indicate that such convection-permitting models outperform those coarser resolution models that require a convective parameterization. However, due to the high computational cost of integration of high resolution model, a necessary price for higher resolution is using limited horizontal domain. The limited domains models need artificial lateral boundaries, which introduce additional uncertainties and errors into the weather forecast. The emphasis on horizontal resolution in most mesoscale simulation is based on the implicit assumption that errors from artificial lateral boundaries and the effects of limited domain size may not play a significant role in the dynamics of the mesoscale system. Theoretically, one would like to suppose that grid spacing is fine enough to resolve the phenomena of interest and domain size is large enough that the placement of the boundaries would not unduly contaminate the solution, at least for the time scales of interest. However, studies have shown that both of the domain size and horizontal resolution of limited area model influence the spectrum of resolved scale and the nature of scale interaction in the model dynamics [8, 9] . Stevens et al. [10] used a cloud model studying the sensitivity of shallow cumulus convection to model domain and resolution and found that domain size and resolution have big impacts on the cloud structure and their statistical characteristics. Laprise et al. [11] discussed many limitations and sources of error associated with limited area models, such as the resolution 2 Advances in Meteorology jump between regional models and its driving data, frequency of Lateral Boundary Conditions (LBCs), and imperfections in LBC data. Leduc and Laprise [12] studied the issue of domain size in the context of regional climate modelling using perfect model approach and suggested the regulations against the use of too small and too large domains.
During the past years, the mesoscale forecasting community has paid relatively less attention to the uncertainties associated with domain size than the uncertainty associated initial field, model resolution, and model physics. A comparative, comprehensive, and quantitative estimation of the relative role of the uncertainties of domain size, grid spacing, and initial condition in the simulation of mesoscale events is valuable for operational center, like Australian Bureau of Meteorology, to make decision on decreasing their domain size in return for gaining higher resolution or vice versa. Goswami et al. [13] had investigated this issue using 10 km or coarser resolutions, MM5 simulations, with respect to three high impact weather (heavy rainfall) events in the tropics to establish the model's performance. Their results show that domain size plays a role that is as important as that of grid spacing and initial condition in the simulation of high impact weather events. In this study, we use convection-permitting ACCESS model with 1.5 km grid spacing as benchmark to quantitatively compare the impacts of model domain size and resolution on heavy precipitation forecast with the initial field uncertainty and perturbed physics through different configurations of ACCESS. The key motivation for this work is to compare the impacts of model horizontal resolution and domain size with the initial field errors in heavy precipitation situations. Besides the intercomparison between different model configurations with control run, we also compare the model results with radar observation. The accuracy of these forecasts is assessed by exploiting the verification metrics of quantitative precipitation forecasts (QPF). The study is performed for three intense precipitation events, which cause flood events in eastern Australia.
The paper is organized as follows. Section 2 provides a summary of the meteorological and hydrological aspects for the three heavy precipitation events. Section 3 presents a brief description of the convection-permitting ACCESS model, its data assimilation, and configurations for the sensitivity tests. Section 4 describes the characteristics of the simulated precipitation systems. Section 5 documents the verification of the simulated precipitation using bias score, bias-adjusted threat score, and Fractions Skill Score. Section 6 illustrates the sensitivity of precipitation to the model configurations with the verification metrics. Finally, concluding remarks and the implications of these results for QPF and ensemble forecast are presented in Section 7.
Case Overview
Figure 1(a) shows the height of topography and geographical location affected by these heavy precipitation events. The first is the Toowoomba/Brisbane Flood of 10-11 January 2011. According to the analysis of Australian National Climate Center [14] , the heaviest rainfalls were in the areas at north and west of Brisbane (Figure 1(b) ). The highest daily precipitation totals observed in the Bureau's regular network were 298.0 mm at Peachester and 282.6 mm at Maleny on 10 January, while the highest three-day totals were 648.4 mm at Mount Glorious and 617.5 mm at Peachester. Intense shortperiod falls also occurred during the event, with one-hour falls in excess of 60 mm occurring on both 10 and 11 January at numerous stations in various locations at north and west of Brisbane.
The second case is the flooding over south-east Queensland on 27 to 28 January 2013 (Figure 1(c) ). Extropical cyclone Oswald and an associated monsoon trough passed over parts of Queensland and New South Wales for a number of days, with widespread impact, including severe storms, flooding, and tornadoes. The third case is a flood over Sydney which happened on 22 and 23 February 2013 caused by a deep low-pressure system. The heaviest rain, in excess of 300 millimetres, fell in north of Port Macquarie (Figure 1(d) ).
Model Description and Experiments Design for Sensitivity Tests

Model Description.
The forecast tests are performed using ACCESS [15] which has been operational since August 2010 over both global and regional domains. The dynamics and physics of ACCESS are based on the UK Met-Office Unified Model [16] . ACCESS uses a semi-implicit, semi-Lagrangian numerical scheme to solve the nonhydrostatic, deep atmosphere dynamics. The horizontal grid is rotated in latitudelongitude and uses Arakawa C-grid staggering, while the vertical grid is terrain-following hybrid-height coordinates with Charney-Phillips staggering, 70 levels, and top model level height of about 40 km. The model uses a comprehensive set of parameterizations, including a convection scheme based on Gregory and Rowntree [17] , a nonlocal boundary layer scheme [18] , a surface layer scheme [19] , a radiation scheme [20] , and a mixed-phase cloud microphysics scheme [21] . Figure 2 (a) shows the nesting of ACCESS-G, ACCESS-R, and ACCESS-A with 80 km, 37.5 km, and 12 km grid spacing, respectively. All of these models use 6-hour (between −3 h and +3 h) 4D variational data assimilation [22] . In ACCESS, the analysis increments are calculated outside the model by the 4DVAR and the increments are added to the model at the start of the model run. The convection-permitting ACCESS model used in this study is a modified version of the UK MetOffice convection-permitting variable grid model (UKV), which is nested in a coarser resolution model with larger domain and sequentially initiated (allowing 3-hour delay for model spin-up) with the IC and LBC provided by the coarser resolution model. As is standard with ACCESS, the nesting is one-way; that is, there is no feedback from the higherresolution nests to the coarser grid model. 15S   18S   21S   24S   27S   30S   33S   36S   39S   42S   115E 120E 125E 130E 135E 140E 145E 150E 155E   (c)   1 5 10 15 25 50 100 150 200 300 400   12S   15S   18S   21S   24S   27S   30S   33S   36S   39S   42S   115E 120E 125E 130E 135E 140E 145E 150E is important for incorporating some mesoscale information into the convection-permitting model. Radar data provide consistent spatial and temporal information that cannot be readily gleaned from gauge information alone. The estimation of the rainfall in the Australian Bureau of Meteorology is the blended radar and gauge rainfall accumulations [23] .
Latent Heating Nudging (LHN) for
In this study, the gauge-adjusted radar-based rainfall rates are assimilated through the LHN. The LHN is a method of forcing a model with measured precipitation rates from radars and/or gauges to improve analysis and short-range forecast of precipitation. More details on the method can be found in Jones and Macpherson [24] . The general idea of the scheme is to rescale the vertical profiles of latent heating using the ratio of observed and modeled precipitation:
The corrections are calculated at analysis grid points and then interpolated to the model grid before being added to the model fields. The LHN makes the analysis correction to model temperature fields at every time step from the start of the forecast for 2 hours to incorporate the mesoscale information containing in the radar rain rates. Horizontal filtering of increments on the model grid may be used in the LHN processes.
Experiments Setup.
To quantify the impacts of model resolution and domain size on QPF under real synoptic forcing, a series of numerical experiments are set up for the three heavy precipitation cases. A set of model runs with horizontal grid spacing of 4 km, 2.5 km, 1.5 km, 0.5 km, and the same domain size are undertaken to assess the sensitivity of QPF to horizontal resolutions. Meanwhile, the impacts of domain size on QPF are analysed using a series of additional experiments with 738 km × 720 km, 1230 km × 1200 km, 2050 km × 2000 km, and 3280 km × 3200 km domains and at fixed 1.5 km grid spacing. One set of domains are shown in Figure 2( Figure 2(b) . Integer denotes what horizontal resolution is used. Numbers 0, 1, 2, and 4 mean grid sizes 0.5 km, 1.5 km, 2.5 km, and 4 km, respectively. Integer is the key for using LHN or not ( = 1 indicates that LHN is invoked and = 0 otherwise). E210 is taken as the control run since this is the default configuration for operational use.
For the sake of comparison between the impacts of different model parameters and the IC error, we carry out two other experiments E210ICR1 and E210ICR2 by perturbing model ICs with ACCESS-A 4DVAR increment fields, in which the background error and observational information have been incorporated, by 10% and 20% of the increment value. In addition, there are many physical processes, for example, convections, boundary layer exchanges, and cloud physics that occur on scales too small to be directly resolved by the model and need to be parameterized. These parameterizations involve a number of empirical-adjustable parameters and thresholds which are given somewhat arbitrary values. The perturbed physics using random parameters (RP) to account for the uncertainty associated with these empirical parameters and to simulate the nondeterministic processes not explicitly accounted for by the different parameterizations [25] . For instance, the critical relative humidity parameter that controls the functional dependence of cloud cover fraction on relative humidity is allowed to vary in time (as a firstorder autoregressive process) between judiciously chosen upper and lower limits. E210RP1 and E210RP2 are experiments using two perturbed physics schemes with different random parameters sets called RP1 and RP2. RP1 perturbs the parameters associated with convection entrainment rate, convective available potential energy closure time scale, large scale precipitation, gravity wave drag, and boundary layer physics. RP2 perturbs the ice falling speed in large scale cloud scheme and Charnock parameter in boundary layer in addition to RP1.
The General Characteristics of Simulated Precipitation System
Figure 3(a) shows the surface equivalent potential temperature,
, and horizontal wind at 1 km height. Figure 3( cross section of equivalent potential temperature and horizontal and vertical wind. Figure 3 indicates that lower-level easterly flow brought warm and moist air to Queensland and northeast New South Wales. Potential instability was evident over the northeast area of Queensland where there was prominent warm and moist air in the lower atmosphere, as indicated by the vertical distribution of in Figure 3 (b). The potential instability and moderate vertical shear of wind across this region resulted in series of convective storms developing throughout 10 to 12 January 2011. The evolution of radar observed hourly rain rates (not illustrated here) indicates that there were a series of convective precipitation cells generated near the coast and moved from northeast to southwest. The heavy precipitation from these cells was the main cause of the flooding in the Toowoomba/Brisbane area. To deliver general understanding of the model results, at first the directly visual comparisons between the model and the radar observations are made. In latter sections, various metrics are used for their quantitative comparison. Figure 4 shows hourly precipitation from the radar observations and the corresponding forecasts in 8 and 12 UTC 9 January from E210, E211, E320, E220, and E221, respectively. Only the region with radar observation is illustrated. The 06 to 08 UTC is the LHN period for E211 and E221. We use hourly rainfall in 08 UTC to demonstrate the effect of LHN.
The comparison between E211 (E221) and E210 (E220) with radar observations shows that the precipitation pattern and location are better in experiments with LHN than without it. Comparing E210, E220, and E320 in Figure 4 , the impacts of domain sizes and horizontal resolutions are not significant before 6 h lead time. Comparatively, the impact of resolution ( Figure 8 shows the 16 h forecast precipitation accumulation from 08 UTC January 9 to 00 UTC January 10 and radar observed (OBS) versus the corresponding model simulations in E210, E211, E310, E110, E220, E221, E320, E321, E100, E210RP1, E210RP2, E340, E440, and their arithmetic mean. We simply call it as "ensemble mean" (ENSM) in this study when we compare an average of several experiments with observation or individual experiments. In order to avoid the 2 h (from 06UTC to 08UTC) LHN period, we use 16 h (08UTC to 00UTC) rainfall instead of 18 h (08UTC to 02UTC). The overall comparison between the radar observed and the simulated 16 h rainfall indicates that the model in general overpredicts the accumulated precipitation. The overprediction is even larger as LHN data assimilation is used, though the LHN improves the position of precipitation. 
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Evaluation with Radar Observations
The verification of model forecasts is a key element of operational NWP and is essential for its continuous improvement. Skill scores usually serve as metrics to measures and identify systematic model errors and forecast uncertainties, though there is no single skill score that completely characterizes the accuracy of the meteorological data set produced by the model.
Categorical Skill Scores.
A standard method of validating model precipitation is to categorically compare model forecasted precipitation with observations. Generally, the measures are computed on the basis of contingency tables (Table 2) constructed by comparing point values. Based on the counts, a variety of skill scores such as bias score and threat score can be computed [27] . In this study, the model forecast of rainfall accumulation is interpolated to the radar rainfall analysis grid (1.5 km spacing Cartesian grid with radar at the origin) with bilinear interpolation approach and the model forecasted rainfall is set to missing for those grid points where the observed precipitation is not available [23] . Each grid is then classified according to the criteria listed in Table 2 . The bias score, BS = ( + )/( + ), and the biasadjusted threat score [28] , TSA = (( + )
, are computed with the radar observations as "truth." BS = 1 and TSA = 1 mean the forecast is perfect. TSA satisfies 0 ≤ TSA ≤ 1 and its value is nearly the same as the critical success index, CSI = /( + + ), in most situations but relatively insensitive to bias score in some extreme situations. We have also tried the bicubic interpolation method and found that the skill scores are not sensitive to the interpolation approach. Figure 9 (a) shows TSA with different thresholds for 4 h forecasting of rainfall accumulation from 08 UTC 9 to 12 UTC 9 January 2011. The reason why we use 4 h is to avoid the 2 h LHN period from 06UTC to 08UTC. The figure indicates that the experiments with LHN (E211 and E221) tend to have a better skill in terms of TSA. The average of several members offers a better forecast than most of the individual forecasts, as already mentioned in some designed ensemble forecast system, for example, [29] [30] [31] . The TSA score for 16 h forecasting of accumulated precipitation in Figure 9 (b) indicates that the model with coarser resolution and larger domain size tends to better predict the weaker accumulated precipitation (<10 mm), while E100 with the finest resolution of 0.5 km grid length has better TSA for heavier precipitation (>20 mm). The arithmetic mean can improve TSA score in general. However, the skill for stronger precipitation is always much lower than for weaker precipitation regardless of model configurations. Figure 10 (a) plots the BS and TSA with threshold of 1 mm h −1 for hourly precipitation in E210, E211, E220, E221, E100, E310, E440, and their arithmetic mean. TSA clearly shows that forecasts with LHN are superior to the forecasts without LHN during the first few forecast hours. The arithmetic mean is more skillful than single member. However, in terms of BS, the arithmetic mean tends to overpredict the precipitation area. The forecast skill in terms of BS and TSA becomes lower as the threshold increases to 5 mm h −1 (Figure 10(b) ). The time evolution of BS and TSA for hourly precipitation against radar observations with thresholds of 1 mm h −1 and 5 mm h −1 indicates that BS and TSA vary significantly with forecast lead time and the skill with 5 mm h −1 threshold is much lower than the skill with 1 mm h −1 threshold.
Fractions Skill Score (FSS).
The traditional categorical skill scores provide information about the quality of a forecast on point-by-point comparisons between simulation and observed precipitation but without regard to spatial information and forecast uncertainty. A prediction of a precipitation structure that is correct in terms of amplitude, size, and timing but with small positional errors may be very poorly rated by categorical scores, for example, BS and TSA [28, 32, 33] . To address this problem, several new verification techniques have been developed specifically for higher spatial and temporal resolution forecasts [34] [35] [36] [37] [38] [39] . The Fractions Skill Score (FSS) is a scale-dependent neighbourhood based verification method [6] . To compute the FSS, the hourly precipitation is interpolated onto the 1.5 km spacing grid for the radar observed precipitation analysis. Then, fractions are generated using the neighbourhood approach: for every 1.5 × 1.5 km 2 pixel, the fraction of surrounding pixels within a given sized square "neighbourhood" or "elementary area" that exceed a particular threshold (e.g., 2 mm in a 1 h period) is computed. As a result, every pixel in the forecast field has a fraction that can be compared to its equivalent pixel in the radar observation field. This is done to both the observed and forecast precipitation fields. The FSS is then computed with 
is grid points in whole neighbourhood square, and and are the observation and forecast fractions, respectively, at each point :
FSS has a value that varies between 0 and 1. A forecast with perfect skill has a score of 1 and a score of 0 means zero skills.
As the sampling square becomes larger, the spatial errors (e.g., misplaced rainbands) in the forecast become less significant; the forecast and radar fractions will become more alike. An unbiased forecast will tend toward a FSS of 1.0 as the sampling square approaches the size of the verification domain. The FSS of hourly precipitation from a few experiments at 3 h (09UTC) and 6 h (12UTC) forecast lead time is plotted in Figure 11 . The FSS increases with the neighbourhood size for a given threshold while for a fixed neighbourhood size the FSS decreases as the threshold value increases. According to [6] , a characteristic value of FSS = 0.5 represents a hit rate of 0.5 and a CSI of 0.33 in categorical scores when the precipitation area is small comparing with the evaluation domain. So we select FSS = 0.5 as a reference for the length scale estimation. Figure 11(a) shows that the square neighbour length is around 90 km for 10 mm h −1 threshold, while for the 5 mm h −1 threshold the square neighbour length is around 60 km as FSS = 0.5. Consistent with the TSA verification, the FSS indicates that the model is more skillful at predicting widespread rainfall than predicting localized heavy precipitation. Figure 11(a) shows that the E211 (1.5 km grid length with LHN) has the best FSS for 2.5 mm h −1 threshold, which means the LHN improves the QPF of relatively widespread precipitation. For 10 mm h −1 threshold, the LHN has negative impact on QPF. Figure 11 (a) also shows the FSS increases with model horizontal resolution. The forecast with 0.5 km grid length, the highest resolution in this study, has the best FSS for 5 and 10 mm h −1 threshold at smaller neighbourhood square size. Figure 11(b) shows the FSS for the sixth hour forecast. Comparing with Figure 11 (a), it is evident that forecast skill decreases quickly with forecast lead time. Figure 11 threshold the E310 has best skill, which means that larger domain can better predict the light to moderate precipitation, while with 10 mm h −1 threshold FSS is very small regardless of the model domain size, resolution, and LHN. Figure 12 shows the FSS for the case of extropical cyclone Oswald. The forecast with 0.5 km grid spacing has better FSS up to 6 h forecast lead time. Figures 11 and 12 indicate that the higher resolution models have the potential to forecast precipitation which is highly localized and episodic rainfall in first few hours of lead time. The results for the third case are quite similar. These verifications indicate that higher horizontal resolution improves the forecast skill of the convective precipitation.
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Percentile thresholds (e.g., the strongest precipitation of top 50%, 25%, 10%, and 1%, that is, precipitation exceeding the 50th, 75th, 90th, and 99th percentile values) are also used for the FSS computation. Similar to the results of Roberts [40] , the FSS verification with percentile thresholds has shown that the skill is dependent on the precipitation area, which is closely related to precipitation intensity. The model has better skill for weak precipitation. Figure  14 shows the intensity-scale histogram of radar observed and model simulated hourly precipitation. The ordinate shows the number of precipitation grid points ( ) against hourly precipitation intensity (abscissa; with 0.05 mm bin size as increment). The hourly accumulated precipitation from each 36 h forecasts is used for the sampling of these precipitation grid points. To keep the model precipitation statistically consistent with the radar observations, the hourly accumulated model precipitation is interpolated to the radar observation grid points with bilinear interpolation approach. The exponential decrease of with increasing precipitation intensity in Figure 14 indicates that there is a log-linear relationship existing between and precipitation intensity. Since each grid point represents an area of Δ 2 , assuming the precipitation area is circular in shape, 2√ / Δ approximately represents the diameter of the precipitation area, and hence 2√ / Δ can be taken as a length scale of precipitation area approximately. Larger and weak intensity usually represent wide spread precipitation area while smaller and heavy intensity imply localized small scale precipitation. The increasing spread of model histograms with rainfall intensity in Figure 14 indicates that the heavier precipitation (>20 mm h −1 ) is more sensitive to model configurations than the lighter precipitation (<10 mm h −1 ). The histograms also show that the model precipitation in general is more widely spread than radar observation. This result is consistent with the BS verification shown in previous section. The better agreement between the histograms with perturbed physics (E210RP1 or E210RP2) and radar observation indicates that the perturbed physics improves the intensity-scale statistics, particularly for the heavy precipitation, while the LHN degrades the statistical property of heavy precipitation (Figure 14(b) ).
QPF Sensitivity to Model Configurations
The Intensity and Scale Dependence of Sensitivity.
The dependence of sensitivity on the precipitation intensity is further illustrated by using the hourly precipitation data collected from the 36 h forecasts of E210, E211, E210RP1, E210RP2, E310, E110, E220, E221, E320, E340, E440, E210ICR01, and E210ICR02. The variations of their arithmetic mean, the maximum, the minimum, and the variance of each member against the precipitation intensity of E210 are shown in Figure 15 . The variance for strong precipitation (>20 mm h −1 ) is much larger than that of weak precipitation (<10 mm h −1 ) implying that stronger precipitation has larger sensitivity. In other words, the heaviest precipitation has larger uncertainty or error.
Skill Score Disparity and Quantitative Sensitivity.
To quantify the relative importance of each model configuration on the QPF, we need to choose a norm or metric by which the sensitivity is measured. Usually skill scores are designed to quantitatively measure or characterize the accuracy of model forecast by measuring the "distance" between model forecast and the observation (e.g., Section 5). Intuitively the BS and TSA "skill scores" of different experiment with control run (E210 here) as "truth" can be used to measure the sensitivity of model precipitation to the model configurations quantitatively. To illustrate the relevance of different sources of uncertainty at different lead time, the time evolution of BS and TSA of different experiments with E210 as truth is shown in Figure 16 . As expected, the E210 against E210 is perfect with BS = 1 and TSA = 1. While the BS of different experiment is not too far from 1 ( Figure 16(c) ), the TSA is a suitable metric to show the impact of various model configurations on precipitation. The experiments with LHN (E211, E221, and E321) have the smallest TSA in Figures 16(a) and 16(b) , that is, the largest disparity from E210 during 1 h and 6 h, while the large TSA of E110, E310, E220, and E320 indicates the smallest disparities from E210 during this time period. The domain size has little significant impact and the perturbed physics and initial field perturbations have less impact on the TSA than LHN before 6 h lead time. These TSA characteristics indicate that LHN has the strongest impact on precipitation forecasting in the initial stage. The moderate disparity of E100 from E210 in Figure 16 indicates that the higher resolution has moderate impact on precipitation before 6 h lead time. After 6 h lead time, the TSA of E211 becomes the largest, while the impacts of other experiments become more significant. TSA of E440, E100, E320, and E310 decreases to small values around 0.2-0.3. The TSA evolution indicates that the impact of LHN decreases while the impact of model resolution and domain size becomes more significant after 6 h forecast lead time.
To further demonstrate the dependence of model parameter sensitivity on the precipitation intensity, the BS and TSA "skill scores" of 16 h accumulated precipitation against the precipitation intensity from various model configurations and model parameters using E210 as "truth" which is shown in Figure 17 . The increment of disparity along with the precipitation intensity indicates that the heavier precipitation has larger sensitivity and uncertainty than weaker precipitation to model configurations and model parameters. Figure 17 illustrates that impacts of domain size and model resolution are larger than that of random physics and IC uncertainty for the 16 h precipitation accumulation. This result suggests that the forecast precipitation is much more affected by model domain size and resolution than by IC uncertainty and model physics in the longer time forecast. The same analysis for the other two cases (not shown here) suggests that their precipitation forecasts have similar properties, though the resulting sensitivity exhibits case-to-case variability.
Summary with Discussion
The main purpose of this study is to investigate the sensitivity of heavy precipitation to model configurations. The impacts of domain size, horizontal grid spacing combining with perturbed physics, and LHN, and IC uncertainty on QPF are evaluated through a series of convection-permitting simulations of three heavy precipitation cases with various configurations of ACCESS model. The aim is to better understand the model configurations on heavy precipitation forecast. The categorical statistical metrics of BS, TSA, and the scale-dependent neighbourhood based skill score (FSS) have been employed to verify the forecasts with compiled radar observational data. The ACCESS model with coarser resolution and larger domain provides slightly better forecasts for wide spread precipitation, whereas the model with higher resolution has better skill for more localized heavy rainfall. The LHN can shorten the spin-up time of convective systems and improve the QPF in the first few forecast hours. The perturbed physics improves the statistical relationship between precipitation intensity and precipitation scale. However, we should say these results are yet to be further investigated with more study cases.
The sensitivity of rainfall to the model configurations is estimated by the "ensemble" spread and cross-verification using the "skill scores" of different experiments with the control run used as "truth." The variance for strong precipitation (>20 mm h −1 ) is much larger than that of weak precipitation (<10 mm h −1 ) implying that stronger precipitation has larger sensitivity and uncertainty. A detailed assessment of the relevance of different aspects of model configuration at different forecast ranges is also conducted. The time evolution of TSA indicates that the LHN is taking effect only in the initial stage of the prediction while the domain size, that is, the boundary conditions, has a relevant impact after 6 h.
The uncertainty analyses have traditionally focused on model physics and IC errors. The model uncertainty associated with domain size and model resolution is rarely considered. The QPF disparities illustrated by the dispersion of the skill scores show that the impact of model domain size and horizontal resolution on QPF is quite large comparing with the perturbed physics and IC uncertainty after 12 h lead time. To make substantial progress with QPF, we need not only to improve the IC through better data assimilation, but also to reduce the model error and LBC error associated with horizontal resolution and limited domain size. Our tests show that the arithmetical mean precipitation of several forecasts with different resolutions and domain sizes is in general superior to single forecasts in terms of skill scores. These examples indicate that in designing future convection-permitting ensemble prediction systems, besides the uncertainties associated with ICs and model physics, the uncertainties associated with model resolution and domain size should be taken into consideration as model uncertainties.
Due to the limit of computer resources, only three cases are investigated in this study. Testing with more cases is planned as the convection-permitting ACCESS model is used for a real time forecast in Australia. 
